Introduction
Reliable facies prediction is an essential problem in reservoir characterization. Predicted facies properties are important engineering inputs for drilling and production. For reservoir facies characterization, two different methods are commonly used: deterministic approach (Doyen, 1988; Loertzer and Berkhout, 1992; Avseth et al., 2005; Hossain et al. 2015) and probabilistic approach (Gastaldi, et al. 1998; Gouveia, 1996; Takashashi, 2000; Mukerji et al., 2001; Hossain and Mukerji, 2011; Grana et al., 2012; Hossain et al. 2015) . For deterministic facies classification we use an RPT workflow, while for probabilistic facies prediction, we can use Bayes' theory:
where, p(c i ) is the prior probability, p(c i |x) is the posterior probability of our observation, p(x|c i ) is the likelihood of obtaining our particular observation c i , under the supposition that any of the possible states of the variable x was actually the case.
For seismic based facies prediction, the above expression can be written as:
From this expression, we observe that the training facies influence the predicted facies, but the prior probabilities are more heavily influenced by the predicted facies. Hossain et al. (2015) demonstrated the role of prior belief of Bayesian statistics by using three types of priors: uninformative priors, informative priors, and continuous priors and found that for uninformative prior, the posterior remains unchanged, while for informative priors, the posterior is increased. For uninformative priors, equation (1) becomes: 
The objective of this study is to demonstrate the power of integrating rock physics theory, measurement and simulation to improve facies prediction for reservoir characterization.
Theory and/or Method
The real nature is too difficult to understand because of the large number of properties. The scientist's goal is to create an understanding of physical properties and processes of nature that are as complete as possible, making use of the perfect control of experimental conditions in the simulation experiment and of the possibility to examine every aspect of system configurations in detail (Landau and Binder, 2000) . Only theory or only experiment or only simulation is not good enough to create an understanding of physical properties and the processes of nature. Landau and Binder (2000) presented the relationship between theory, experiment, and simulation as being similar to those of the vertices of a triangle, as shown in Figure 1 : each is distinct, but each is strongly connected to the other two. In this paper, our objective is to define the facies from seismic data by integrating rock physics theory, rock physics measurement and rock physics based simulation for We used well log measurement results of well George 1-23 from the studied region. We performed petrophysical analysis calibrated with available laboratory measurement results (Figure 2b ). The zone of interest (ZOI) in this study is from the top of the Mississippi Lime to the bottom of the Woodford shale (Figure 2b ). We used elastic attribute volumes (P-Impedance, S-Impedance) obtained from the pre-stack seismic inversion. We defined four facies based on petrophysics and rock physics analysis. Defined facies are: silica-rich limestone, clay-rich limestone, lower kerogen-rich shale and higher kerogen-rich shale ( Figure  2b ). We used an RPT (Figure 2a after Hossain et al. 2015 ) for deterministic facies prediction. Furthermore, for seismic reservoir characterization, well data along with RPT are used to define the prior probability. For seismic applications, one of the central issues for stochastic simulation is to use a statistical model rather than a rock physics model:
We replaced the statistical model by a rock physics model, addressed the uncertainly defined from rock physics analysis, and included rock physics based upper bound and lower bound to constrain the simulation results:
Results and discussions Figure 4a shows the deterministic facies predictions involving an RPT workflow. Overall facies predictions are moderate, but there are many under predicted and over predicted intervals. To improve these predictions we performed probabilistic facies predictions. It is commonly assumed that probabilistic predictions are always better than deterministic predictions. Unfortunately, this is not always true if uninformative priors are used and training facies are defined from well log data (Figure 4b ). Defined training facies from well log data are not good enough to capture the seismic data away from the well (Figure 2c ).
Therefore, under-predicted facies, away from well,are mainly due to the training facies defined from the well log. To make a better match for the entire seismic data, including areas away from the well, we used defined training facies from Monte Carlo simulation (Figure 3) . Hence, probabilistic facies classification can be further improved if we use uninformative priors and training facies defined from Monte Carlo simulation (Figure 4c ). However, better probabilistic facies prediction can be obtained if we use informative priors and training facies defined from Monte Carlo Simulation (Figure 4d ).
Conclusions
For seismic reservoir characterization, we provided a case study for facies predictions from pre-stack simultaneous elastic inversion results in an unconventional reservoir. This study indicates that, in probabilistic facies classification, if uninformative priors are used, results are sub-optimal compared to deterministic methods involving a Rock Physics Template (RPT) workflow. Additionally, probabilistic facies classification can be further improved if we use uninformative priors and training facies defined from Monte Carlo simulation. Probabilistic facies prediction improves if we use informative priors and training facies defined from Monte Carlo simulation.
